Introduction
More complex plants have lead to practising engineers being faced with modelling and control problems of increasing complexity. When confronted with such problems, there is a strong intuitive appeal in building systems which operate robustly over a wide range of operating conditions by decomposing them into a number of simpler linear modelling or control problems, even for nonlinear modelling or control problems. This appeal has been a factor in the development of increasingly popular functional state modelling approach to coping with strongly nonlinear and time-varying systems [24] . One standard approach when complicated problems have to be solved is to decompose the problem into sub-problems, which can 
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ABSTRACT
The implementation of functional state approach for modelling of biotechnological processes is considered in this paper. This concept helps in monitoring and control of complex processes such as bioprocesses. Using of functional state modelling approach for biotechnological processes aims to overcome the main disadvantage of using global process model, namely complex model structure and big number of model parameters, which complicate the model simulation and parameter estimation. The main advantage of functional state modelling is that the parameters of each local model can be separately estimated from other local models parameters.
be solved independently. Then the individual solutions of the problem lead to the global solution of the complex problem. Such local approaches are directly based on the divide-and-conquer strategy [24] , in the sense that the core of the representation of the model or controller is a partitioning of the system's full range of operation into multiple smaller operating regimes each of which is associated a locally valid model or controller. In addition, the local approach has computational advantages, lends itself to adaptation and learning algorithms and allows direct incorporation of high-level and qualitative plant knowledge into the model. These advantages have proven to be very appealing for industrial applications, and the practical, intuitively appealing nature of the framework is demonstrated in [24] with applications of local methods to problems in the process industries, biomedical applications and autonomous systems. Concerned as knowledge-based systems for modelling and control of complex, non-linear or ill-defined objects, the structure of a multimodel-control system includes a multimodel base, a controller base, an inference engine for model and corresponding controller selection and a user-friendly interface. Main research issues of multimodel base design are local model selection, multimodel base updating and repeated switching between controllers for a global, close to the natural sequence optimal control strategy realization. Two general approaches for multimodel representation are known [3] :
• multimodel approach with global implicit model • multimodel approach with explicit model The core of the first approach is the input vector x definition, which consists of input variables and a subset, which involves validity or reliability of the partial models. In addition, this subset can include preferences of the user [4, 7, 8] . Main difference of the second approach in comparison with the first one lies in the aim to define not a good estimation of variables, linked to the process, but to propose a global model of this process. The fusion is achieved not on the outputs of each model, but on the models themselves, which enables the global description on the concerned domain of process evolution in form y=f(x). The powerful explicit model-based approach is contrasted with its difficult implementation [18, 36, 42] . Multimodel process description consists of many partial, local and/or simplified models. In this connection the library of static and dynamic models is concerned [3, 6] . The dynamic library is designed to allow multimodel controllers to follow unpredicted behaviour. In fact, the dynamic library involves a part of n-static models, designed off-line [6] . In each phase of the process an expert selection of the model structure and order is carried out. After this step an adaptive algorithm is used to identify unknown evolution of the system. A residual identification approach, without a priori data requirement, and efficient filter (local dynamical-model or variable-structure observer) [5, 6] allows to assess the quality of the basic models and to use more easily dynamic models. Very important problem for multimodel base design is the dimensionality problem or models number reduction. One of the possible ways is by merging the neighbouring operating regimes into a larger one or combining local models and controllers [3] . A systematic method for model validity determination is employed for model-base dimension limitation. Based on the fuzzy logic and fusion techniques, this systematic method realizes a classical residue determination and then an especially adapted validity criterion [9] . The residual approach detects the changes immediately and finds in the model-base the best local model, leading to a true selfreconfiguration [6] .
Methodology of functional state modelling approach
In the multiple modelling frameworks, the main challenges in the development of dynamic models are: (i) Division of the operating space into operating regimes: In [19] a strategy for decomposition of the nonlinear space into multiple linear structures utilising a priori process information has been developed. An operating regime decomposition strategy based on heuristics and local model validity functions has been proposed in [20] . In [24] a variety of approaches are presented which produce complex models or controllers by piecing together a number of simpler subsystems. A steady state map and classified operating regimes based on a priori knowledge of the input and output ranges on the steady state map have been considered [26] .
(ii) Construction of local dynamic models: Segregation of the operating regions as in (i), divides the input-output space into a collection of local regions. The next step would be the development of dynamic models within each region. A multiple-model strategy, wherein interpolation between local model parameters is employed, has been proposed [23] . In [41] the problem of local model structure selection is solved as a combinatorial exercise with the goal being that of minimum local cross validation error. Zhang et al. [44] have presented the strategy, where the process is divided into macrostates, called functional states, according to behavioural equivalence. In a functional state the process is described by a conventional type of model, called local model, which is valid in this functional state only. The purpose in [9] is to be proposed a new approach for obtaining of a multimodel basis allowing limitation of the number of models on the basis of four models.
(iii) Aggregation of local models through a suitable switching strategy: For the deployment of these local models in closed loop operation, the local model predictions need to be aggregated to yield a representative prediction in the region of operation. Several model/controller scheduling techniques have been proposed [3, 4, 5, 6, 7, 8, 9, 18, 36, 42] in recent times for use within the multiple-model based framework, i.e. based on the scheduling algorithm to weigh local models towards control of chemical reactors [32] , using local model performance indices to select local controllers [25] , a supervisor based hierarchical technique for local controller selection based on virtual control loop feedback error [22] , based on fuzzy decomposition of the steady state map [40] , decision trees, discrete logic, expert systems, hybrid systems, and variable structure systems [3] . In most cases a sudden switching is not allowed because of the implemented in the different operating regimes mechanisms. The smoothed transition depends on the operating regimes soft-boundaries description, usually based on fuzzy sets and fuzzy logic [43] , neuro-fuzzy adaptive techniques [3, 17] and interpolation methods [30] . Fuzzy sets own advantage to describe very naturally the transition between operating regimes by gradual membership functions. Moreover, the resulting inference engine is an interpolation algorithm that gives weight of the local models or controllers in the different operating regimes, depending on the operating point [20] .
Application of functional state modelling approach to the biotechnological processes
The common modelling approach when biotechnological processes (BTP) are modelled is to synthesise one global process model. Unfortunately, there is a big disadvantage, namely complex model structure and big number of model parameters, which complicate the model simulation and parameter estimation. One alternative way for modelling of BTP is the implementation of functional state modelling approach. The main advantage of functional state modelling is that the parameters of each local model can be separately estimated from the parameters of the other local models. Hence, in the last years there are a big number of scientific investigations in the field of implementation of functional state modelling approach. Here the application of this approach for modelling of BTP will be presented.
In [24] the authors have provided an introduction to the functional state concept and they have discussed different methods to detect the changes in process dynamics and transitions between states. These methods are applied to a practical biotechnical process control task. A Takagi-Sugeno fuzzy model is also described and it is used as an interpolating scheduler for a set of multiple linear models which are valid locally around certain operating conditions. The identification methods are demonstrated using experimental data from problems in biotechnology and medicine. A Takagi-Sugeno type fuzzy logic controller for continuous BTP is also presented in [16] . The paper presents a model-based approach for design of fuzzy controllers. The procedure requires an openloop fuzzy model of the plant in terms of IF-THEN rules. Linear local control laws are designed for each fuzzy region and the global control law is introduced as a weighted combination of local control laws. Two examples illustrate the approach. The research [31] introduces an approach for developing model of bioprocesses. An expert system is used to develop physiological phase models, which is valid only in one physiological phase, as well as the switching conditions from one to another phase. In [37] two novel approaches for modelling processes that can be described by a sequence of phases are suggested and applied to E. coli cultivations. Petridis et al. [29] present a new online multimodel algorithm for parameter estimation of time-varying nonlinear systems. The multiple model approach, based on an operating regime decomposition of the system's operating range, is presented in [2] . The local models are patched together using a smooth interpolation technique to build the global model. One of the most important characteristics of BTP, which make more difficult the modelling and control design, is the change of cell population state. In the most cases this change is expected because of the cells pass through different phases and growth stateslag phase, increase, exponential phase, stationary phase and so on. Based on the physiological state control concept [13], fuzzy rules, connecting to the physicochemical measurements, can be used to describe memberships of current process states to certain process phases. Aguilar-Martin et al. [1] describe the application of a self learning algorithm generating the classes that correspond to physiological states in a bioreactor. The learning system is based on so-called LAMDA (Learning Algorithm for Multivariable Data Analysis). The developed methodology is applied to S. cerevisiae production process in oxidative regime without ethanol production. Shimizu et al. [33] have studied on-line state recognition in a yeast fed-batch culture with neural networks. By analysing the pattern of error vectors from the mass balance equations, physiological states are classified, and fuzzy membership functions are constructed. The physiological states with respect to cell growth and ethanol production in yeast fed-batch culture can be also recognised on-line by fuzzy inferencing [34] . The error vector is newly defined in a macroscopic elemental balance equation and utilised for the on-line recognition of the physiological state of the microorganisms. Fuzzy rule-based non-linear regression modelling approach represents the input space of the biotechnological variable's using fuzzy partitioning [39] . That means each fuzzy subspace is presented with a fuzzy linear input/output regression model. The number of subspaces corresponds to the number of fuzzy rules. This approach is implemented for description of the operating regimes of two BTP. Operating regimes on the specific growth rate are obtained by us-ing as input attributes biomass, substrate concentration and substrate utilization rate. For lactose-utilizing oxidative strain C. blankii 35 the operating regimes determined are 4, for fermentative yeast C. pseudotropicalis 11 -twice more or 8 fuzzy rules. Implementation of advanced modelling and control strategies in bioprocesses is often hindered by the lack of on-line measurements reflecting the physiological state of the culture. Although, a number of techniques have been used to estimate key variables from data monitored on-line, i.e. chemical fingerprinting methods [10] , an extending metabolic flux analysis [21, 35] , alcian blue adsorption from yeast cell [11] , etc., and it is demonstrated, that these on-line measurements can be used to identify changes in the physiological state during cultivation. As it was mentioned above, Zhang et al. [44] present the functional state modelling approach as an alternative way when complex processes, such as bioprocesses, have to be modelled. A set of local models together with functional state "dynamics" have been used to describe, monitor and control the overall yeast growth process. Here the authors of this paper present the application of the functional state modelling approach will be presented both for batch and fed-batch cultivations of Saccharomyces cerevisiae. The rates of cell growth, sugar consumption, ethanol production and dissolved oxygen concentration in a yeast fed-batch growth process are commonly described for all functional states according to the mass balance as follows: In each functional state the yeast metabolism is dominated by certain metabolic pathways. It should be noted that a bioprocess could be only in one functional state at any time. However, a certain functional state can appear in the process more than once during one run. At the first part of work the modelling of three batch cultivations of baker's yeast, obtained in Institut für Technische Chemie, Universität Hannover, has been considered. The first set of experimental data is used for local models' parameter estimation and two other sets are used to validate the model. First at all, that is a first application of functional state modelling for batch process. In the case of batch fermentation the process is de-
scribed based on balance Eqs. (1-5) when the feeding rate is assumed to be zero. In the case of batch fermentation two phases are identified -first ethanol production state and ethanol consumption state. When the functional state is determined to change, the local model is also changed correspondingly.
The initial values for simulation in the second functional state are the last simulated values in the first functional state so that the trajectories became continuous. The estimation of the local models' parameters is made with using of MATLAB Genetic Algorithms Toolbox and Optimisation Toolbox procedures. As the optimisation criteria the function of difference between experimental data and data from simulated model is used. Both the fermentation trajectories for the substrate, biomass and ethanol concentrations, and the simulated ones for one of the fermentations are presented in Fig. 1 . The concentration of dissolved oxygen is presented in Fig. 2 . All parameter functions, estimated parameters as well as the validation with another data set are presented in [15] . As a conclusion of this application, the local models developed by Zhang et al. are first time successfully applied for description of real aerobic batch yeast growth process. In the difference of models presented by Zhang [44] , some changes are made in the local models. Especially, the specific growth rate is described by Monod' kinetics instead of constant one in the first state and different yield coefficients in ethanol equations are used for different states. The modelling of fed-batch cultivation of S. cerevisiae has been developed too. Experimental data from two fed-batch cultivations of baker's yeast, obtained again in ITCHannover, are used. The rates of cell growth, sugar consumption, ethanol formation and dissolved oxygen concentration in a fedbatch yeast growth process are commonly described by Eqs. (1) (2) (3) (4) (5) . For the first data set only the first ethanol production state is identified [14] . For the second data set only the mixed oxidative state is identified [14] because the data shows that both ethanol and substrate are consuming. The estimation of the local model' parameters is made again with using of MATLAB Genetic Algorithms Toolbox and Optimisation Toolbox procedures. Both the real fermentation trajectories for the substrate, biomass and ethanol concentrations, and the simulated ones for this fermentation are presented in Fig. 3 and Fig. 4 (respectively for the first and for the second data set). The work process shows the functional state modelling approach as more convenient for parameter estimation than the global mod- The introduction of functional state modelling of biotechnological processes in dependence of phases and states of the process allows some really existing phenomena or events to be reflected in order to achieve better process control. In [27, 28] it is shown that there is obvious similarity between functional state modelling and variable structure systems. When the process enters in a new phase or state, the control system with variable structure has to switch to preliminary determined optimal algorithm. Usually there are four operating regimes (phases) of BTP that are distinguished as well as lag-phase, phase of the exponential growth, stationary phase and lizis. Hence, a BTP could be examined as a process with variable structure and parameters, which suppose specificity in the methods for its identification and control. A decomposition of BTP in subsystems is proposed which makes easier controller design of physical and chemical variables and metabolites formation optimization [38] . Different transfer functions are obtained for temperature and oxygen content representation in lag and exponential phase [38] , which allow selecting the optimal controllers. A multimodel approach for the temperature control is investigated [12] , where switching between some conventional PID-controllers and fuzzy controllers, previously designed for both BTP-phases, are compared. It can be seen a smoothed control is reached by implementing fuzzy IF-THEN rules.
The main role of supervisor is to identify the different phases and states of the process and to be able to recognize them during the process. These local models or controllers have to be, in a following step, combined in a defined way so the global strategy for process control to be realized. Each model or controller has a limited range, in which it works enough precisely. This range can be limited by different factors, for example linearization range, model restrictions, stability restrictions or experimental conditions. In order to realize the global strategy for process control, the supervisor coordinates the local models or controllers, which can be resulted in a choice of one model or controller, such as in a combination of action/parameters of several models/ controllers. The combination between functional state modelling approach for biotechnological processes and variable structure control systems makes the combined control systems more flexible and increase the possibility of such system.
Conclusions
The concept of functional state approach and some of its application for modelling of biotechnological processes are presented in this paper. The concept's implementation leads to the process description with simpler and more transparent local models. Moreover, the implementation of functional state modelling approach has computational advantages and allows direct incorporation of highlevel and qualitative plant knowledge into the model. These advantages have proven to be very appealing for industrial applications.
